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ABSTRACT: Steam ﬂooding is a complex process that has been considered as an
eﬀective enhanced oil recovery technique in both heavy oil and light oil reservoirs.
Many studies have been conducted on diﬀerent sets of steam ﬂooding projects using
the conventional data analysis methods, while the implementation of machine learning
algorithms to ﬁnd the hidden patterns is rarely found. In this study, a hierarchical
clustering algorithm (HCA) coupled with principal component analysis is used to
analyze the steam ﬂooding projects worldwide. The goal of this research is to group
similar steam ﬂooding projects into the same cluster so that valuable operational
design experiences and production performance from the analogue cases can be
referenced for decision-making. Besides, hidden patterns embedded in steam ﬂooding
applications can be revealed based on data characteristics of each cluster for diﬀerent
reservoir/ﬂuid conditions. In this research, principal component analysis is applied to
project original data to a new feature space, which ﬁnds two principal components to
represent the eight reservoir/ﬂuid parameters (8D) but still retain about 90% of the variance. HCA is implemented with the
optimized design of ﬁve clusters, Euclidean distance, and Ward’s linkage method. The results of the hierarchical clustering depict that
each cluster detects a unique range of each property, and the analogue cases present that ﬁelds under similar reservoir/ﬂuid
conditions could share similar operational design and production performance.

■

INTRODUCTION
Steam ﬂooding is the oldest and most successful commercial
enhanced oil recovery (EOR) technique for oil reservoirs that
have been used since the 1960s, and it is recognized as one of
the most eﬃcient oil recovery techniques for depleting the oil
in various types of reservoirs because steam ﬂooding results in
higher ultimate oil recovery compared to other EOR
techniques.1−4
The mechanisms of steam ﬂooding EOR are intimately
related with the thermal eﬀects on the reservoir rock and ﬂuid
properties. Mechanisms that beneﬁt the ultimate oil recovery
include (1) increase of rock and ﬂuid temperature from heat
convection and conduction, (2) reduction in reservoir ﬂuid
(e.g., oil and water) viscosities, (3) increase in reservoir rock
and ﬂuid volumes that serve as a depletion drive energy, (4)
vaporization of the light fraction of crude oils (often called
distillation), (5) reduction of interfacial tensions and change in
the relative permeability to oil and water, (6) gravity
segregation, (7) solution gas drive, and (8) emulsion drive.
These thermal eﬀects are typically not applied uniformly to the
whole reservoir, usually resulting in several temperature-ﬂuid
ﬂow regions.5−7 When steam ﬂooding is applied to reservoirs
with diﬀerent characteristics, the relative importance of the
EOR mechanisms changes.8 It is evident that oil viscosity
reduction is a dominating factor for heavy oil recovery, which
signiﬁcantly increases the oil mobility in the improved
reservoir conditions;9,10 in contrast, for light oil reservoirs,
© 2022 The Authors. Published by
American Chemical Society

thermal expansion and distillation are of greater importance
than other EOR mechanisms.11
Steam ﬂooding has been widely used for the production of
heavy crude oil in shallow, thick sandstone formations.12,13
Most of the steam ﬂooding projects have been implemented in
sandstone formations because most of the EOR techniques
have been tested at the pilot and commercial scales in this type
of lithology.14,15 On the other hand, steam ﬂooding is also one
of the EOR techniques that can be applied to various reservoir
and ﬂuid conditions with improved operational techniques.
There is an increasing number of steam ﬂooding projects in
carbonate reservoirs,16−19 light oil reservoirs,20,21 thin heavy oil
reservoirs,22−24 and oﬀshore developments.25−27 Before the
implementation of steam ﬂooding at a full ﬁeld scale, a series of
detailed preliminary studies, including laboratory tests,
reservoir characterization, simulation, and pilot tests, are
preformed to reduce the uncertainties and to minimize the
risks.28 However, these evaluation studies are expensive and
time-consuming. The reservoir/ﬂuid properties change under
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Figure 1. Workﬂow of steam ﬂooding analogue procedures.

Figure 2. Country/ﬁeld distribution and number of steam ﬂooding projects onto a world map.

diﬀerent conditions, which brings the challenge of decisionmaking to operational design and production performance
prediction.
In recent years, artiﬁcial intelligence (AI) has become a hot
topic, with more and more AI techniques being implemented
in the oil industry for advanced data analysis. Both supervised
and unsupervised learning algorithms have been employed in
the literature to assist the decision-making of EOR techniques.
Implementation of AI in the oil industry could be classiﬁed as
the prediction of the eﬃciencies/parameters and pattern
recognition.29−32 In machine learning, the predictions are
normally treated as regression problems (supervised learning),
where objective functions, loss functions, or activation
functions are required in the establishment of models. In
contrast, pattern recognition methods in the oil industry
usually refers to an unsupervised learning approach, which is
used to ﬁnd the hidden patterns behind the data set itself and
no objective function is needed. Artiﬁcial neural network
(ANN), particle swarm optimization (PSO), and support
vector machine (SVM) have been widely used in prediction

models in the oil industry. For example, Zhang et al. proposed
the implementation of SVM and multiple regression methods
to predict the recovery factor and the CO2 injection eﬃciency
for CO2 immiscible ﬂooding.33 Shaﬁei et al. developed models
for the prediction of the steam ﬂooding recovery factor and the
cumulative steam−oil ratio by the implementation of ANNPSO.34 However, only limited research has been conducted for
pattern recognition in the oil industry, which mainly focuses on
the EOR method selection process. Siena et al. applied
Bayesian clustering and principal component analysis to build a
model for EOR selection based on six reservoir/ﬂuid
properties, where the EOR selection result is revealed by the
analogy projects.28 Alvarado et al. present a 2D graphical
expert map to visualize the percentage of each EOR method
included in the clusters for inspection,35 where the EOR
method recommendation depends on the cluster that the new
project merged with. The main idea of the pattern recognition
is to detect hidden patterns in the data set so that a
recommendation can be provided after the characterization of
the proposed patterns.
18805
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into the logarithmic scale because the values of these two
parameters vary over several orders of magnitude, which are
about 102 to 104 times greater than other properties and have
large ranges for steam ﬂooding projects. Standardization and
principal component analysis were employed to pre-process
the data and to improve the interpretation results of the
proposed methodology. HCA and reservoir/ﬂuid property
classiﬁcation techniques were applied to detect the hidden
patterns of steam ﬂooding projects, which are detailed in the
following subsections.
Standardization. To ensure that the selected or extracted
eight reservoir/ﬂuid properties have the same importance and
to avoid the features with high variances from “illegitimately”
dominating the principal component analysis and hierarchical
clustering results, we applied z-score standardization on our
data set to force the properties into the same scale, which is
deﬁned as

In this paper, we implement the hierarchical clustering
algorithm (HCA) to worldwide steam ﬂooding projects that
were collected from existing EOR surveys and publications to
ﬁnd the hidden patterns within steam ﬂooding projects
because the steam ﬂooding techniques have been conducted
under various conditions. Based on the patterns revealed from
the HCA, the analogue assessment for new candidate steam
ﬂooding projects enables us to ﬁnd the most similar cases from
the existing projects, which assists in the decision-making
process of risk reduction by providing recommendations for
operational design and production performance.
This paper is organized as follows. The Data Preparation
section describes the establishment of the worldwide steam
ﬂooding data set that we used for pattern recognition. The
Methodologies section details the approaches included in this
work followed by the results received from each method with
the presentation of three ﬁeld case applications to examine the
eﬀectiveness of the proposed methodologies for which the
operational design and production performance have been well
documented. Final remarks are then summarized in the
Conclusions section.

X′ =

X − X̅
σ

where X′ = transformed value, X = original value, X̅ = average
value of a reservoir/ﬂuid property, and σ = standard deviation
of a reservoir/ﬂuid property.
The main advantage of using the z-score standardization
method is not only bringing all properties into the scale but
also preserving all relationships among properties.41
Principal Component Analysis. In the implementation of
machine learning techniques, a phenomenon called “the curse
of dimensionality” has been widely observed. Machine learning
techniques perform well with a low dimensionality of data;
however, with the increase of dimensionality of the analyzed
data, most algorithms have poor performance on similarity
measurements due to the high computational complexity on
similarity measurements.42 In statistics, a method called
principal component analysis (PCA) has been commonly
used to solve the high-dimensional data problem by reducing
the dimensionalities of the data set while retaining the main
variances. The goal of PCA is to ﬁnd directions/vectors that
project the data set with minimized projection errors. The
primary mechanism of PCA is a series of orthogonal
transformations that are applied to convert a set of
observations into linear uncorrelated principal components
(PC), where each principal component represents a combination of all input variables and reveals the associations between
reservoir/ﬂuid properties. After the data is transformed by
PCA, the original data set with high dimensions can be
eﬀectively reduced to two dimensions (2D) or three
dimensions (3D) without losing much information. Typically,
a good PCA result should retain more than 90% variance from
the original data set.
Hierarchical Clustering Algorithm. Clustering is considered one of the most crucial unsupervised learning algorithms
that deals with ﬁnding a structure in a collection of unlabeled
data. The goal of clustering is to determine the intrinsic
grouping or hidden pattern in a data set by computing the
pairwise distance. In this study, we apply the agglomerative
hierarchical clustering technique to the steam ﬂooding data set
because this method is straightforward and has a stable
structure, which allows for a fully customized design in the
algorithm (e.g., number of clusters cut oﬀ, distance, and
linkage) and prevents the “black-box” processing information
from being stored as in other algorithms (like ANN).43,44 The
structure and outcomes of HCA can be presented in a

■

DATA PREPARATION
Figure 1 illustrates a graphical workﬂow of the steam ﬂooding
pattern recognition process. Four steps are integrated into this
work: (1) data preparation of the worldwide steam ﬂooding
data set; (2) data cleansing and pre-processing; (3) design and
implementation of hierarchical clustering for pattern recognition; and (4) data analysis for clustering results. The ﬁrst
step relies on extensive review and examination of successful
pilot/ﬁeld steam ﬂooding projects that were published in Oil
and Gas Journal biannual EOR surveys, SPE publications, DOE
reports, and AAPG databases. Eight main reservoir/ﬂuid
parameters are selected and extracted as these parameters are
commonly available and used for EOR project data analysis.36
These parameters include porosity, average permeability
(matrix permeability and fracture permeability), depth, net
thickness, oil viscosity, oil gravity, temperature, and oil
saturation before steam ﬂooding started.
The second step ensures that the data quality and clustering
analysis meet requirements. In this study, all projects with
missing values are deleted to avoid biased results if the missing
properties could not be found from supplemental publications
or reports. A severe duplicate data problem is revealed in the
steam ﬂooding data set as the data set is formed with the
integration of various sources, so identical projects are
removed. Senseless or incorrect data are detected from
boxplots and scatterplots as explained in previous studies,37−40
where incorrect data are erased or corrected based on the
literature. After cleansing for data quality enhancement, 384
projects are retained in the data set. Figure 2 presents the
location of oil ﬁelds and the number of projects in each
country that applies steam ﬂooding technology. The United
States, Venezuela, Canada, and Trinidad are the leaders for the
conduction of steam ﬂooding, which makes up 93% of the total
projects.

■

METHODOLOGIES
After we ﬁnalize the data set, a series of robust data
transformation techniques and data analysis methodologies
are applied to assist the steam ﬂooding pattern recognition
process. Permeability and oil viscosity were ﬁrst transformed
18806
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Figure 3. Illustration of the agglomerative hierarchical clustering process.

Reservoir/Fluid Property Classiﬁcation. The classiﬁcation of reservoir/ﬂuid properties is essential as they are closely
associated with the driving mechanisms that aﬀect the
performance of steam ﬂooding. Based on the oil viscosity at
reservoir condition, oil has been commonly classiﬁed as viscous
oil (μ < 100 cp), heavy oil (100 cp ≤ μ ≤ 10,000 cp), and extra
heavy oil (μ > 10,000 cp).8,34,46,47 A similar oil classiﬁcation
based on oil gravity has also been well accepted by the oil
industry.8,46,47 The reservoir depth is also an important
parameter for steam ﬂooding applications, which are generally
classiﬁed as either a shallow reservoir or a deep reservoir. In
the oil ﬁeld, the criterion for the classiﬁcation of depth is
ambiguous. For example, most steam ﬂooding projects were
conducted in shallow reservoirs because deep reservoirs have
more heat loss and have higher requirements for the insulating
tubing, leading to higher costs. However, no speciﬁc value was
given in the literature to deﬁne the speciﬁc depth of a shallow
or deep reservoir. In this study, we classify the reservoir depth
for steam ﬂooding based on the collection of numerous
publications that mentioned “shallow reservoir” or “deep
reservoir”. We ﬁnd that the 3000 ft burial depth is the critical
value for steam ﬂooding applications. Many studies have
showed that heat loss is the main reason why the steam
ﬂooding technique is applied mostly in shallow reservoirs;48,49
however, it is essential to point out that the temperature of
injected steam is more important. Based on the pressureenthalpy phase diagram of water, the lower reservoir pressure
requires a lower steam temperature to provide the same
amount of energy (enthalpy).50 For a naturally pressured
reservoir with a burial depth of 3000 ft, the reservoir pressure is
about 1350 psi, which requires the steam temperature to reach
about 600 °F.51,52 Uniquely designed downhole equipment is
needed to meet the requirements of high temperatures.
Therefore, 3000 ft is a threshold depth for steam ﬂooding
projects, where reservoirs with a depth greater than 3000 ft are
considered deep reservoirs. Otherwise, they are shallow
reservoirs.
For the rest of the reservoir/ﬂuid properties (porosity,
permeability, start oil saturation, temperature, and net
thickness), we employ a statistical method by using boxplots
to classify the properties, as shown in Figure 4. The goal of
applying a boxplot is to display the range and distribution of
each property for the existing projects, which not only

dendrogram and scatterplot, which depicts the closeness
among all projects, detects special cases, and reveals the
hidden pattern in the data set. The framework of the
implementation of HCA in this work is made up of six main
steps:
1. Perform data preprocessing.
2. Deﬁne distance function.
3. Determine the linkage method by the computation of
linkage coeﬃcient.
4. Find the optimized value of the number of clusters.
5. Use HCA with the deﬁned distance function, linkage
method, and number of clusters.
6. Analyze clustering result.
Figure 3 presents the process for the implementation of an
agglomerative HCA with a bottom-up structure. The
agglomerative HCA starts with each data point (project)
being a single cluster, and then merges the data points that are
closest (smallest distance). The merging process ends when all
objects are forced in one superior cluster. The root node
represents the whole dataset, and each leaf of the tree
represents a sample. The intermediate nodes describe the
clusters at that level, and the height of the dendrogram usually
displays the distance between each paired cluster.
In mathematics, numerous methods exist to deﬁne the
distances between objectives. As the HCA is a distance-based
algorithm, the deﬁnition of distance is critical for the design of
HCA because by using diﬀerent methods, the computation
results will be diﬀerent, which determines how clusters/
projects are merged together. In this research, the Euclidean
distance is used to determine the closeness between projects
and clusters because this method has been most commonly
utilized for numerical features. Average, single, complete, and
Ward linkage methods have been considered in the design of
HCA to deﬁne how clusters are merged to a higher level. The
number of clusters is another required parameter in the
implementation of HCA. Thirty indices are employed to ﬁnd
the optimal number of clusters. This was proposed by Charrad
et al. because they present a comprehensive evaluation and
combination of the majority of existing methodologies in the
literature, including Silhouette, elbow, gap statistic, and so
forth.45
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Hierarchical Clustering. Agglomerative coeﬃcient has
been commonly used in R language for the evaluation of
diﬀerent linkage methods based on clustering structure. Table
1 presents the Ward linkage method, which is based on the
Table 1. Comparison of Clustering Linkage Coeﬃcients
Figure 4. Illustration of reservoir/ﬂuid ranges and classiﬁcation
method by a boxplot.

linkage

average

single

complete

ward

coeﬃcient

0.976

0.943

0.984

0.995

optimization of error sum of squares (minimum variance) and
is selected as a criterion to choose the paired clusters in each
step.
Figure 6 presents the frequency distributions of 24 out of 30
indices that recommend having less than 10 clusters. The other

facilitates the classiﬁcation of properties but also presents the
feasibility of steam ﬂooding applications. Minimum, Q1 (25th
percentile), median (50th percentile), mean (average), Q3
(75th percentile), and maximum values are illustrated in the
boxplot. A property is classiﬁed in a low category when the
value is smaller than Q1 (25th percentile), which means that
more than 75% of the existing steam ﬂooding projects were
conducted with a higher value. Similarly, the high category is
deﬁned as when the property value is greater than Q3 (75th
percentile), which indicates that only less than 25% of the
existing projects are greater than the given property value. The
range from Q1 to Q3 is categorized as a medium category
because this range represents most projects.

■

RESULTS AND DISCUSSION
Dimensionality Reduction. Because eight reservoir/ﬂuid
parameters are selected for pattern recognition (clustering),
PCA transforms the eight-dimensional data into eight PCs.
The column chart in Figure 5 illustrates the variance expressed

Figure 6. Frequency distribution among 30 indices to determine the
optimized number of clusters.

six indices elucidate that the data set should be split into more
than 10 clusters. The horizontal axis in Figure 6 shows the
number of clusters, while the vertical axis illustrates the total
number of indices/methods that recommend each value of the
number of clusters. For example, ﬁve indices suggest splitting
the original data into two clusters/groups, while three indices
agree to divide the data into three clusters based on (1) the
maximum/minimum value of the index, (2) the maximum/
minimum diﬀerence between hierarchy levels, (3) the
maximum/minimum second diﬀerences between hierarchy
levels, (4) critical values such as in the gap statistic, and (5) the
signiﬁcant local change in the measurement.53,54 The results
recommend that ﬁve clusters with seven supporting indices are
the optimal value in the steam ﬂooding data set.
Figure 7 illustrates the visualization of PC1 and PC2 with
ﬁve clusters by retaining about 90% of the variance from the
original steam ﬂooding data set, which demonstrates that the
clustering results with two PCs could be clearly visualized and
evaluated. The number of steam ﬂooding projects in each
cluster is shown in Table 2, where cluster 1 (C1) is the biggest
group containing 126 projects, followed by C2 (105 projects),
C4 (82 projects), C3 (47 projects), and C5 (24 projects). The
results in Figure 7 elucidate the clear boundaries between
clusters, which means that ﬁve clusters are distinguished from
each other by including signiﬁcantly diﬀerent reservoir/ﬂuid

Figure 5. Variance explained by each PC.

by each PC based on the input data, and the red dotted line
denotes the cumulative variance explained by the ﬁrst several
PCs. The results depict that the ﬁrst two PCs retained about
90% of the variance, which proves that the PCA could be
eﬀectively used in the steam ﬂooding data set for
dimensionality reduction. Therefore, a two-dimensional PCA
results in a high variance explained from the original data are
used to feed into the clustering algorithm for pattern
recognition. A visualized comparison of the clustering results
with and without PCA pre-processing process will be
presented in the following section.
18808
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Figure 7. Hierarchical clustering visualization with PCA in data pre-processing.

The main reason for the unclear boundaries between clusters is
the high dimensionality of data, where the dimensions of the
original data with 8 reservoir/ﬂuid parameters are diﬃcult to
be clearly visualized in a 2D plot. Therefore, data transformation with PCA is essential for steam ﬂooding projects.
Characterization of Clusters. As the purpose of HCA is
to recognize the hidden patterns in steam ﬂooding data sets
that cannot be seen from direct observations, the characterization of clusters is critical for studying reasons why the
clusters are distinguished from each other. Blue boxplots in
Figure 9 demonstrate comparisons between ﬁve clusters for
each reservoir/ﬂuid property.

Table 2. Number of Steam Flooding Projects in Each
Cluster
cluster number

number of projects

C1
C2
C3
C4
C5

126
105
47
82
24

properties. In contrast, Figure 8 shows a messy distribution
with the same HCA design (distances, linkages, and number of
clusters) where PCA did not pre-process the original data set.

Figure 8. Hierarchical clustering visualization without PCA in data pre-processing.
18809
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Figure 9. Characteristics of clusters for each reservoir/ﬂuid property [(a) porosity, (b) average permeability, (c) depth, (d) net thickness, (e)
temperature, (f) start oil saturation, (g) oil gravity, and (h) oil viscosity].

permeability. Also, permeability boxplots for C4 and C5
show that the permeability of these two clusters is condensed
from 2000 to 3500 mD and from 2000 to 3000 mD,
respectively.
Figure 9c displays that most steam ﬂooding projects were
applied in reservoirs with a depth less than 2500 ft, which is
shallower than other EOR methods. The deepest project being
conducted in a reservoir is 5740 ft. The ranges of net thickness
of the formation are presented in Figure 9d. Most of the steam
ﬂooding projects were applied with a thickness less than 200 ft.
However, C4 detected most of the projects that the reservoir is
thicker than 200 ft. Normally, steam ﬂooding could not be
applied in thick reservoirs so as to avoid the steam overriding
problem, which reduces the sweep eﬃciency.
Figure 9e,f displays the ranges for reservoir temperature and
the oil saturation before the application of steam ﬂooding,
respectively. C1 contains most of the projects with reservoir

Figure 9a indicates that C3 and C5 include the special
reservoirs (2 projects) that have high porosity (up to 65%),
which is caused by the lithologies in the reservoirs. Most of the
steam ﬂooding projects have been implemented in sandstone
formations because most of the EOR techniques have been
tested at the pilot and commercial scales in this type of
lithology.55 The normal porosity for the sandstone reservoirs is
less than 35%. The projects with extremely high porosities are
found in the Midway-Sunset ﬁeld and South Belridge ﬁeld and
in diatomite formations, where the diatomite reservoirs
generally have low matrix permeability (less than 1 mD)
with a high porosity (40−70%).56,57 Figure 9b illustrates the
average permeability ranges based on the matrix and fracture
permeabilities. Although C1 is the biggest cluster, most of the
projects in C1 fall into a well-concentrated range of
permeability from 2000 to 3000 mD, which reveals that C1
had been eﬀectively grouped with projects with similar
18810
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Figure 10. Analogue visualization with three new steam ﬂooding testing projects in a scatterplot.

Table 3. Reservoir/Fluid Properties of Testing Cases and Analogue Results
case #

case 1

ﬁeld name
country
cluster
net thickness, ft
porosity, %
permeability, mD
depth, ft
oil gravity, °API
oil viscosity, cp
temperature, °F
start oil saturation, %
references

Shanjiashi
China
82
30
5000
3983
19
9200
131
60
61

analog 1
Forest Reserve
Trinidad and Tobago
cluster 2
95
31
205
3000
19
32
120
57
62

case 2

analog 2

case 3

analog 3

Wolf Lake
Canada

Wolf Lake
Canada

Ruehlertwist
Germany

Emlichheim
Germany

75
33
3000
1400
10
45,000
60
78
63

49
28
5000
2650
25
175
100
51
64−66

cluster 1
75
31
3000
1398
10
10,000
60
65
63

temperatures less than 90 °F and an average oil saturation of
65%, while C5 contains a broader range of temperatures (>90
°F) with a small range of oil saturation. The boxplots
demonstrate that most projects are conducted in lower
reservoir temperatures compared to other EOR techniques.39,58,59 The shallower burial depth is one of the reasons
for the lower temperature, where the temperature is positively
related to the depth with an average geothermal gradient of 2
°F/100 ft.60 Another reason is that lower reservoir temperatures may cause a greater temperature diﬀerence when the
same amount of steam is injected with the same temperature,
which results in a more signiﬁcant reduction of oil viscosity,
especially in heavy oil reservoirs. Also, boxplots in C2, C3, and
C4 elucidate similar ranges for both temperature and oil
saturation, which means that other reservoir/ﬂuid properties
may have signiﬁcant diﬀerences between C2, C3, and C4 (e.g.,
porosity, permeability).
Figure 9g,h summarizes the ranges for both oil gravity and
oil viscosity. In Figure 9g, only cluster 3 detected the light oil
projects from the steam ﬂooding data set, which includes the
projects with oil gravity greater than 25°API. The projects in
other clusters illustrate a condensed range from 12 to 14°API,

cluster 3
79
30
6000
2400
24.5
175
95
62
65−67

which means most of the projects in C1, C2, C4, and C5 are
heavy oil reservoirs. Figure 9h shows that C1 captured the
projects with extremely heavy oil (μ > 100,000 cp), and that
C4 grouped the projects with high oil viscosity ranging from
4000 to 10,000 cp, which is higher than the ranges in C2, C3,
and C5.
Analogue Reasoning. The goal of analogue reasoning is
to examine the eﬀectiveness of the established PCA/HCA
method and to ﬁnd the most similar project to the new
candidate steam ﬂooding project. The analogue case shares the
similar reservoir/ﬂuid properties with the new candidate
project so that valuable operational design experiences and
production performance from the analogue cases can be
referenced for decision-making. The analogue process is
carried out by the computation of Euclidean distances that
were embedded in the hierarchical clustering process between
new candidate steam ﬂooding project(s) and the existing steam
ﬂooding data set. A project with minimal distance to the
candidate ﬁeld is considered as being the closest case to the
new project. Figure 10 illustrates the visualized analogue
results of three new candidate projects. As shown in Figure 10,
three cases fall into diﬀerent patterns/clusters that were
18811
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revealed by the PCA and HCA. The ﬁrst case is allocated to
C2, and case 2 is merged with C1, while case 3 is integrated
with C3. Each case represents a scenario of the analogue result,
case 1 analog to a foreign oil ﬁeld, case 2 analog to the same
ﬁeld, and case 3 analog to an adjacent ﬁeld. Table 3 depicts the
comparison of reservoir/ﬂuid properties between the testing
cases and the analogue cases.
The analogue reasoning of case 1 from the established PCA
and HCA methods reveals that the reservoir/ﬂuid properties of
the Forest Reserve ﬁeld from Trinidad are the most similar
project to the Shanjiashi ﬁeld from China. Both ﬁelds applied
the cyclic steam ﬂooding technology with an averaged soaking
period of 3−4 days in each cycle. Although the well schemas
are so diﬀerent in the two ﬁelds, where 280 production wells
were drilled in the Shanjiashi ﬁeld compared to 70 production
wells in the Forest Reserve ﬁeld, the averaged enhanced oil
production after the implementation of steam ﬂooding for each
well is similar, which are 32.6 (Shanjiashi ﬁeld) and 30.9 bbl/
d/well (Forest Reserve ﬁeld).65,68−70 Besides, the conduction
of steam ﬂooding was the ﬁrst attempt to enhance the oil
recovery for both ﬁelds. Thinner insulating tubing than that in
the Shanjiashi ﬁeld was installed in the Forest Reserve ﬁeld
with a more insulated cement sheath to reduce the drilling cost
and to ensure the steam quality.62 The analogue results from
case 1 imply that the design and performance are similar when
the reservoir/ﬂuid properties are close. Therefore, the analogue
assessment could assist in predicting the eﬀectiveness of steam
ﬂooding for new candidate steam ﬂooding projects based on
existing experiences from a similar ﬁeld, especially when the
ﬁeld data is limited.
The second case is the Wolf Lake ﬁeld from Canada, which
implemented steam ﬂooding in 1985 and consisted of 187
production wells. The analogue result presents that the most
similar existing project is located in the same ﬁeld, which
applied steam ﬂooding in 1982 with one production well. In
fact, case 2 is the expansion of the analogue project, so the
reservoir/ﬂuid properties are almost the same except the
viscosity.63 Because oil viscosity reduction is the main
mechanism for steam ﬂooding, especially in bitumen reservoirs,
the oil viscosity decreased signiﬁcantly after steam injection
from the pilot test, which caused viscosity reduction compared
with the analogue case. The analogue result proves that the
proposed PCA/HCA methodology is still capable of detecting
the similar cases from the same ﬁeld because all the reservoir/
ﬂuid properties were normalized before the implementation of
HCA.
Case 3 represents a scenario that ﬁnds an adjacent oil ﬁeld.
Oil ﬁelds with close geographical locations normally share
similar reservoir/ﬂuid properties because the depositional
environments are the same, which results in smaller distances
between the analogue project and the candidate case. The third
case is selected from the Ruehlertwist ﬁeld from Germany in
Lower Saxony, and the analogue results show that the nearby
Emlichheim ﬁeld is the most similar and is only 13.4 miles
away from the Ruehlertwist ﬁeld.
Classiﬁcation of Reservoir/Fluid Properties. Table 4
shows the classiﬁcation results of all reservoir/ﬂuid properties
for steam ﬂooding. As described in the previous section, the
classiﬁcation results for porosity, permeability, net thickness,
reservoir temperature, and start oil saturation are based on the
yellow boxplots illustrated in Figure 9, where a property value
less than Q1 is considered a low value, a value greater than Q3
is in the high category, and a value between Q1 and Q3 is in
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Table 4. Classiﬁcation Results of Reservoir/Fluid Properties
Based on Worldwide Steam Flooding Projects and Domain
Knowledge
property

category

value Range

porosity, %

low

<30

permeability, mD

medium
high
low

[30,35]
>35
<1000

net Thickness, ft

medium
high
shallow
deep
thin

[1000,3000]
>3000
≤3000
>3000
<98.4

temperature, °F

medium
thick
low

[98.4,205]
>205
<90

medium
high
light oil
medium oil
heavy oil
extra heavy
oil
viscous oil
heavy oil
extra heavy
oil
low

[90,110]
>110
>25
[20,25]
[10,20)
<10

medium
high

57−80
>80

depth, ft

oil gravity, °API

oil Viscosity, cp

start oil
saturation, %

references
based on worldwide
steam data

based on worldwide
steam data

61, 62, 71
based on worldwide
steam data

based on worldwide
steam data

8, 46, 47

<100
[100,10,000]
>10,000

8, 34, 46, 47

<57

based on worldwide
steam data

the medium category. The domain knowledge is applied for
the classiﬁcation of oil gravity and oil viscosity based on
previous studies from experts.8,34,46

■

CONCLUSIONS
In this paper, a combination of principal component analysis
and HCAs is applied to identify the hidden patterns in
worldwide steam ﬂooding projects and to examine the
eﬀectiveness of the proposed method via the analogue
reasoning process. Based on the computation of 30 indices
and the clustering structure, we detected that the optimum
number of clusters is 5, which indicates ﬁve stabilized cluster
patterns among all steam ﬂooding projects. We further
characterized the clusters to study the patterns revealed by
the HCA. We found the reservoir/ﬂuid properties C1, C4, and
C5 have small concentrated ranges, while the projects in C2
and C3 contain special cases for porosity, permeability, depth,
and oil gravity. The comparison with/without PCA before the
implementation of HCA illustrates that the HCA associated
with PCA transformation provides clear clustering boundaries
and reduces the dimensionalities from 8D to 2D while still
retaining about 90% of the variance. In addition, the reservoir/
ﬂuid properties are classiﬁed based on domain knowledge from
literature, and the values of Q1 and Q3 as revealed by the
boxplots. The threshold depth for the implementation of steam
ﬂooding is 3000 ft due to the limitation of infrastructure. Most
of the steam ﬂooding projects were applied with the burial
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HCA
PSO
ANN
PCA
Q1
PC(s)
Q3

depth less than 3000 ft and are classiﬁed as the shallow
reservoir.
A blind test of the proposed method was performed by
considering three ﬁeld cases. The analogue results demonstrate
that the established method is capable of providing assistance
for capturing the most similar existing steam ﬂooding projects
that share similar reservoir/ﬂuid properties. In addition, the
analogue cases indicate that the operational designs and
performance of steam ﬂooding are close even though the
candidate case and the analogue ﬁeld are from diﬀerent
countries (case 1). Therefore, the analogy based on the PCA/
HCA not only provides assistance for operational design
decision-making in new steam ﬂooding candidate ﬁelds but
may also provide a prediction for the future performance based
on existing projects.

■

■

hierarchical clustering algorithm
particle swarm optimization
artiﬁcial neural network
principal component analysis
ﬁrst percentile
principal component(s)
third percentile
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